The classification of the images taken during the measurement of an architectural asset is an essential task within the digital documentation of cultural heritage. A large number of images are usually handled, so their classification is a tedious task (and therefore prone to errors) and habitually consumes a lot of time. The availability of automatic techniques to facilitate these sorting tasks would improve an important part of the digital documentation process. In addition, a correct classification of the available images allows better management and more efficient searches through specific terms, thus helping in the tasks of studying and interpreting the heritage asset in question. The main objective of this article is the application of techniques based on deep learning for the classification of images of architectural heritage, specifically through the use of convolutional neural networks. For this, the utility of training these networks from scratch or only fine tuning pre-trained networks is evaluated. All this has been applied to classifying elements of interest in images of buildings with architectural heritage value. As no datasets of this type, suitable for network training, have been located, a new dataset has been created and made available to the public. Promising results have been obtained in terms of accuracy and it is considered that the application of these techniques can contribute significantly to the digital documentation of architectural heritage.
Introduction
The documentation of the architectural cultural heritage must provide reliable information on the state of monuments and buildings, thus facilitating their conservation, maintenance and rehabilitation. This documentation has to faithfully reflect the changes suffered by heritage assets throughout history, thus allowing the interpretation and study of their evolution and current status.
Digital Documentation
Before planning any intervention in an asset of heritage interest, it would be desirable to have the most complete documentation possible and preferably in digital format to facilitate its management and sharing. Such documentation would correspond to the current state of the asset but should ideally continue in later phases to assist in monitoring and maintenance tasks. Obtaining this documentation is not easy but it is necessary to help to preserve and disseminate the tangible cultural heritage.
Generally, we can say that digital documentation comprises two main sections: (a) the task itself, of measuring and taking data and systematic images and the subsequent storage; and (b) the classification, is difficult). It takes a lot of time and effort to locate information that is known or assumed to exist, but is inaccessible because it has not been stored and catalogued correctly. Estimated in terms of cost, this effort can be quite significant. Needless to say, it is much higher when the information cannot be found and must be regenerated [1] . However, the semantic categorization of these images, based as much on the high level (general meaning of the scene) as the low level (individual details), has still received little attention from the scientific community [11] . Therefore, the development of tools to facilitate their classification automatically would be highly desirable.
Image Classification
In this article, we apply deep learning techniques to the classification of images for the documentation of the architectural cultural heritage. We specifically study the use of the most representative convolutional neural networks to extract useful information from images. The main objective is to verify the real usefulness of some of these networks that set the current state of the art for their application in the classification of images of heritage buildings.
There is much literature of different applications of deep learning in the classification of images, both generic [12] [13] [14] [15] [16] [17] [18] , and specific, such as aerial images [19, 20] , medical images [21] , license plate and vehicle recognition [22] , gait recognition [23] , classification of microorganisms [24] , recognition of the urban environment [25] , fruit recognition [26] and many more. There is also literature concerning the classification of images of architectural heritage, but using other techniques such as pattern detection [27] , instance retrieval [28] , Gabor filters and support vector machine [29] , computer vision algorithms [11] , clustering and learning of local features [30] , hierarchical sparse coding of blocklets [31] , or Multinomial Latent Logistic Regression [32] ; but no references concerning the classification of images of architectural heritage are known using deep learning, except a prior publication of the authors [33] . Another of the topics studied is the evaluation of whether, for these tasks, it is better to train a network from scratch (full training) or to use fine tuning of a pre-trained network. There is a reference that analyzes this specific aspect in medical images [21] and something similar in images of food [34, 35] , but no bibliography in the field of architectural heritage is known.
There are few datasets of images in the realm of historical heritage (to date only one of architectural styles has been found [32] ), which has motivated the creation of one of our own focused on architectural elements. This dataset aims to be the origin of a system which could be useful for the training of neural convolutional networks or other techniques of classification in this type of task. The absence of datasets prevents the comparison between different techniques and works, which is why, by way of comparison, these techniques have also been evaluated using the indicated dataset of architectural styles in order to verify that the results obtained are superior to other classical classification methodologies.
In the labeling of images considered in this article, the goal is to automatically deduce the main element to be reflected in each image. In this way, it is possible to organize the available images in different categories and facilitate the work of the specialists or enthusiasts who search through the collection by consulting very precise keywords. The applications of these techniques in documentation tasks are many: web and mobile applications to access and consult details of a heritage building, study of the different elements of a building in different geographical areas and different times, study of their evolution, development of systems that could be trained to detect historical periods or architectural styles, reveal pathologies, find alterations or previous interventions, search for similar images in other sites, etc.
Contributions
There are several main contributions of this article. First, we have compiled a new dataset, Architectural Heritage Elements Dataset [36] , to carry out all these tests and it has been made publicly available in order to replicate the trials shown. This dataset is open to the community for use and improvement; in fact, a new version is being generated in which new categories and a greater number of images have been included. It would also be desirable for researchers in this field to consider adding other categories of interest to enrich the dataset, so a large catalogue of images classified for training could soon be achieved. Secondly, the methodology used for the application of different techniques of deep learning in the classification of images of architectural heritage is presented and the results obtained are shown. These have attained a remarkable accuracy and demonstrate the utility of the techniques analyzed for tasks of digital heritage documentation. A practical comparison between full training and fine tuning is also offered using several of the most representative architectures of convolutional neural networks. Finally, by way of comparison, the results obtained comparing these techniques with previous ones of machine learning using a related dataset (classification of architectural styles) are shown.
Materials and Methods
Computer vision techniques are increasingly used to facilitate and improve the documentation, preservation and restoration process of architectural heritage. For example, through the automatic processing of images, it is possible to detect pathologies and deteriorations in the built heritage. This article focuses on the use of images obtained with terrestrial digital cameras (in the visible spectrum), although images of any type may be used (thermal, multispectral [37] , etc.). There is a wide variety of terrestrial digital camera classifications: depending on the type of sensor (mainly Charge-Coupled Device (CCD) or Complementary Metal-Oxide-Semiconductor (CMOS), although nowadays the majority trend is the use of CMOS sensors), the format (linear or matrix), the optics (fixed or interchangeable), the size (full frame, medium format, four thirds, etc.), the viewfinder (reflex or mirrorless), by segment (consumer or professional), its scope (industrial or not), its speed, etc. In any case, at present, even the simplest cameras usually have enough quality to be useful in documentation tasks. In practice, different systems of image acquisition are usually combined, especially in the study of large and complex sites.
In our case, the main objective sought is the application of computer vision techniques based on deep learning for the classification of images of architectural heritage, regardless of the technology used to obtain them; and, as already mentioned, the specific use of convolutional neural networks for these tasks.
Dataset Created for These Tests
Many images to train neural networks discussed above are needed, although it is shown that, using fine-tuning, it is possible to use smaller datasets [38] . In any case, it is most appropriate to use datasets of images that are freely available in order to reproduce the experiments and validate the results obtained. Although there are many generic image banks, with many tagged images, it is not easy to find specific datasets of architectural heritage images ready to be used. We have created a set of more than 10,000 images classified in 10 types of architectural elements of heritage buildings, mostly churches and religious temples. All images used are licensed Creative Commons, and have been obtained mainly from Flickr and Wikimedia Commons [39] .
The generated dataset has been published in two versions: one contains images of different sizes and the other contains images rescaled to 128 × 128 pixels. For the rescaling of images, each image was adjusted so that the smaller of its dimensions was 128 pixels and the central region was trimmed to 128 × 128 pixels (also datasets of smaller sizes have been generated: 32 × 32 and 64 × 64 pixels to evaluate the accuracy achieved in these cases and study variations in required training times). In total, we have compiled more than 10,000 images (specifically 10,235), 80% of the total (8188) were used for the training phase and the remaining 20% (2047) for the validation phase. The validation set has been created by randomly selecting 20% of the images from each class.
In addition, 1404 images have been compiled which form an independent set of tests. In this way, a final test of the model under consideration can be performed. Table 1 shows some example images of each of the ten categories considered (in brackets the number of images used in the training and validation of each category). For the selection of the dataset categories, we have consulted the cataloguing of the Getty Art & Architecture Thesaurus (AAT) [40] . The use of this well-known and controlled vocabulary allows consistency in the classification of current and future elements, as well as a more efficient retrieval of information in a standardized way.
As a supplementary reference, in the results section, we have included some comparative tests with other methods using an existing dataset of almost 5000 images classified into 25 architectural styles (obtained from Wikimedia Commons) [32] .
Deep Learning
Deep learning is a branch of "machine learning" based on a set of algorithms that attempt to model high-level data abstractions using model architectures composed of multiple nonlinear transformations. Deep learning is based on supervised or unsupervised learning of multiple levels of features or representations of data. The top-level features are derived from lower level characteristics to form a hierarchical representation [41] . In the last few years, deep convolutional neural networks and, more recently, different variations such as Residual Networks (and others) have become one of the most popular architectures for image recognition tasks. The field of computer vision has gained a framework for fast and scalable learning, which can provide excellent results in object recognition, object detection, scene recognition, semantic segmentation, action recognition, object tracking and many other tasks. With the availability of large datasets such as ImageNet [42], Yahoo Flickr Creative Commons 100 Million (YFCC100m) dataset [39] and MIT Places [43] , among many others, researchers can train their networks with a huge amount of correctly labeled images. It is also possible to apply learning transfer techniques for the efficient training of more specific datasets that are usually smaller.
Convolutional Neural Networks (CNNs)
A convolutional neural network is a type of artificial neural network where neurons correspond to receptive fields in a similar way to neurons in the primary visual cortex (V1) of a biological brain. Its typical architecture is structured as a series of stages formed by layers. The early stages are composed of two types of layers: convolutional layers and pooling layers. At the end of the network are the neurons that perform the final classification on the extracted features using fully connected layers. These neurons in distant layers are much less sensitive to disturbances in the input data, but are also activated by increasingly complex features [41] .
The discrete convolution is a mathematical operator that applies a filter (or kernel) to the input image in such a way that certain characteristics become more dominant in the output image, generating a feature map. The extracted features are determined by the shape of the filter in each layer; for example, edge detection can be performed with filters that highlight the gradient in a particular direction. The output of each layer can be expressed as:
where l represents the l-th layer, and * means a convolution operation (filter or kernel), w l is the weight matrix, b l is the polarization vector (bias) and σ is the nonlinear activation function.
After the convolution, non-linear activation functions are applied to the feature maps, the most common being the ReLU (Rectified Linear Unit): f (x) = max(0, x). This function avoids the problem of vanishing gradient when there are many layers. This is because it is linear and there is no saturation in the positive sense of its domain. However, when the learning rate is too high, there may be up to 40% non-active neurons. This problem can be reduced with a suitable dynamic adjustment of the learning rate or also using some variants of the ReLU function, such as Softplus, Leaky and Noisy ReLU, Maxout, etc.
The feature maps already generated with this methodology could be used for image classification tasks, but would still require a lot of computing power and would be prone to overfitting. Therefore, grouping operations (max-pooling) that find the maximum value of a sample window and pass this value as a summary of characteristics of that area are used. As a result, the size of the data is reduced by a factor equal to the size of the sample window on which this operation has been applied. These windows (or patches) are applied while they are moving, thus reducing the size of the data to be processed and getting invariance to small changes in position and distortions.
Once the convolutional neural network is defined, the next step is to train it, which basically consists of minimizing a global cost (or error) function. This cost function is usually interpreted as an average of the loss functions for each image in the dataset. It is therefore intended to evaluate the error between the output obtained from the network and the desired output. The most commonly used loss functions are the mean square error, cross entropy and Softmax.
The training requires a series of steps to be completed that are usually: (1) calculate the outputs of the network using feedforward; (2) calculate the error in the output (the difference between what is obtained and what is desired; (3) backpropagate the error; and, (4) adjust the weights and bias of the network (usually using the gradient descent method). It is based on an iterative minimization of errors by updating the network parameters in the direction opposite to the cost function gradient (since the gradient indicates the direction of growth and we want to minimize the function). There are three variants of this method, which differ in the amount of data used to calculate the gradient of the objective function (batch, stochastic, and mini-batch). The batch uses the complete dataset to update the values (this is slow and requires a lot of memory), the stochastic updates the values with each sample taken randomly from the dataset (this is faster but converges with large fluctuations), and the mini-batch that updates with each random n-samples of the dataset (this is also fast and has a more stable convergence). Depending on the amount of data, a compromise solution is reached between the accuracy of the parameter update and the time it takes to perform an update.
Stochastic Gradient Descent
Although any method can be used to train the optimization convolutional networks, one of the most common is the stochastic gradient descent using the mini-batch of samples. To update the values of W and b (where W is the weight matrix and b is the vector of polarization or bias), the following formula applies:
where α is the learning rate and the other term is the gradient of the respective error. The gradient calculation requires the error of the last layer to previous layers to be backpropagated. The backpropagation of errors [44, 45] is a method of calculating gradients that can be used in the method of stochastic gradient descent to train neural networks grouped in layers. This is really a simple implementation of the chain rule of derivatives, speeding the calculations of all required partial derivatives. As mentioned, once a pattern has been applied to the input of the network as a stimulus, this propagates from the first layer through the upper layers of the network, to generate an output. The output signal is compared to the desired output and an error signal for each of the outputs (error vector) is calculated. The error outputs are propagated backwards from the output layer to all neurons in the hidden layer contributing directly to the output. This process is repeated layer by layer, until all neurons in the network have received an error signal describing their relative contribution to the total error. There are many optimizations of this method, such as Momentum, Adagrad, RMSProp, Adam, Nesterov, Adadelta, etc. In our case, we use the first-mentioned, incorporating the term known as momentum (which can be understood as the average of the previous gradients), which reduces oscillations that cause local minima, thus accelerating convergence. There are other optimizations, such as weight decay (regularization term), which penalizes changes in the weights and prevents them from being too large. Network weight updates are achieved by applying the following equation (which is the generalization of Equation (2) applied to each layer of the network to be trained and adding the momentum term):
where ω is the weight, α is the learning rate, n is the number of neurons in layer, γ is the momentum term, λ is the weight decay and ∂e L ∂w is the partial derivative of the objective function. The importance of this process is that, as the network is trained, the neurons in the intermediate layers organize themselves in such a way that the different neurons learn to recognize different characteristics of the total input space. After training, when these neurons are presented with an arbitrary input pattern that contains noise or is incomplete, the neurons in the hidden layers of the network will respond with an active output if the new input contains a pattern that resembles the feature that the Individual neurons have learned to recognize during their training.
Useful Properties of CNNs
Deep neural networks exploit the property that many natural signals, and specifically architectural heritage images, are compositional hierarchies, in which the upper-level characteristics are obtained by composing the lower-level ones. In our case, local edge combinations form motifs, motifs are grouped into parts, and parts are grouped into more complex elements that we want to classify. This grouping allows the representations to vary very little when the elements of the previous layer vary in position and appearance. This is why the convolutional neural networks are invariant to the location and distortions, which are very appropriate for their application in computer vision tasks, as the same feature can be extracted anywhere in the image, even if it appears slightly deformed. This is achieved with neurons sharing the same weights (equivalent to filter banks) and detecting the same pattern in different parts of the matrix. This reduces the number of connections and the number of parameters to train compared with a fully connected multi-layer network.
Application of CNNs to the Classification of Images of Architectural Heritage
In this article, we focus on image classification as a priority application of convolutional neural networks. Classification relates to building models that separate images into different classes. These models are constructed by introducing a set of training data for which classes are pre-labeled for the algorithm to be learnt. Then the model is used by introducing a set of different data than previously used, allowing the model to predict membership classes based on what it has learned using the training dataset. In this case, we consider a supervised learning, although there are interesting applications using unsupervised learning [46] . For the classification implemented, ten categories of elements have been specified in the images considered. No strict criterion has been used to select these categories; it is only intended to establish an initial basis in order to later expand the number of categories under study, incorporating those considered more useful for this type of task. We also want to evaluate in which cases or conditions it is more advisable to train a network from scratch or fine-tune a network that has been pre-trained with large datasets.
All the tests discussed here have been done using the Google Tensorflow library [47] and the algorithms implemented in Python. The computer had a Linux system (Ubuntu) and only the CPU (Intel Core i5) was used for the calculations (partly because it was also wanted to check if modest devices could be suitable for this type of applications).
Train from Scratch or Full Training
In this case, a convolutional neural network is used in which the architecture and parameters have to be defined and previous training is not available.
When training is performed from scratch, all weights in each convolutional layer of the network are initialized by randomly selected values from a normal distribution with a mean zero and a small standard deviation. The iterative updating of the weights is done using previously mentioned gradient descent methods. It should be noted that, due to the limited availability of labeled data, this process could lead to an undesirable local minimum for the cost function, although this risk is at present reduced to a certain extent due to the application of different techniques (dropout, regularization, data augmentation, etc.). The training ends when convergence is achieved with the required accuracy.
Completing the training of a network usually requires a large amount of correctly labeled data (images) to achieve acceptable results and also a considerable amount of time.
Fine-Tuning
The training of a convolutional neural network from a set of pre-trained weights is called fine tuning and, as mentioned above, has been used successfully in many applications of all kinds. The re-trained network is generated with a massive set of labeled data from a different application (usually classification of elements in a scene).
Fine tuning begins by copying (transferring) the weights of the pre-trained network to the network we wish to train. The exception is the last fully connected layer whose number of nodes depends on the number of classes in the dataset that we want to classify. A common practice is to replace the last fully-connected layer of pre-trained CNN with a new fully-connected layer having as many neurons as the number of classes in the new target application.
After the weights of the last fully connected layer are initialized, the new network can be adjusted as a layer, starting by tuning only the last layer and then tuning all the layers of a CNN.
Hyperparameter Optimization
In both cases (full training or fine-tuning), the training of these networks requires the adjustment of certain variables called hyperparameters (momentum, weight decay, learning rate, etc.), specifically in the context of algorithms based on stochastic gradient descent (which are the most common). To optimize this setting, it is interesting to consult [48] .
The hyperparameters that are usually considered in the first place are: the initial learning rate, its decay value and the intensity of regularization, but there are many others that can also be important, such as the momentum, the decay of the weights, the number of iterations, etc.
Regarding the hyperparameters themselves, we can say the following. Learning rate: This is one of the most important, if not critical, hyperparameters, as it determines the amplitude of the jump to be made by the optimization technique in each iteration. If the rate is very low it will take a long time to reach convergence and if it is very high it could fluctuate around the minimum or even diverge. The asymptotic convergence rates of SGD are independent of sample size. Therefore, the best way to determine the correct learning rates is to perform experiments using a small but representative sample of the training set. When the algorithm works well with that small set of data, the same learning rates can be maintained and trained with the complete dataset [49] . Another possible option is to use dynamic learning rates (which are reduced when converging to the solution). This dynamic must be predefined and must therefore be adapted to the specific characteristics of each dataset.
Momentum: As the parameters approach a local optimum, improvements can slow down, taking a long time to finally reach the minimum. Introducing a term that "boosts" the optimization technique can help to further improve model parameters towards the end of the optimization process. This term, called momentum, will consider how the parameters were changing in recent iterations, and will use that information to keep moving in the same direction. Specifically, the momentum term increases for dimensions whose gradients are pointing in the same directions and reduces updates for dimensions whose gradients change direction. As a result, faster convergence is achieved and oscillation is reduced.
Size of the mini-batch: In our case, we use the stochastic gradient descent method with a random subset (mini-batch) of the training data at each iteration. If the size of the mini-batch is too small, convergence will be slow and it is also not possible to take advantage of some type of highly efficient operations (intelligent matrices). If the size is too large, the speed advantages offered by this method are reduced, as larger subsets of training data are used. In any case, its impact mainly affects the training time and hardly affects the results obtained. A value of 32 may be a good initial approximation.
Weight decay: This value is an additional term in the weight update rule that causes the weights to drop exponentially to zero and determines the importance of this type of regularization in the gradient calculation. Generally, the more examples of training you have, the weaker this term will be and the more parameters you have to adjust (very deep nets, large filters, etc.), the higher this term should be.
Number of iterations: One way to know the number of iterations to perform (without reaching overfitting) is to extract a subset of samples from the training set (note that the test set has previously been removed from the complete dataset) and to use it in an auxiliary way during training. This subset is called the validation set. The role of the validation set is to evaluate the network error after each epoch (or after every certain number of epochs) and determine when it begins to increase. Since the validation set is left out during training, the error committed on it is a good indication of the network error over the entire test set. Consequently, the training will be stopped when this validation error increases and the values of the weights of the previous epoch will be retained. This stopping criterion is called early-stopping. Early-stopping is a simple way to avoid overfitting, i.e., even if the other hyperparameters cause overfitting, early-stopping will greatly reduce overfitting damage that would otherwise occur. It also means that it hides the excessive effect of other hyperparameters, possibly hindering the analysis that one might want to do when trying to figure out the effect of individual hyperparameters.
In addition to the criteria discussed for each hyperparameter, certain general details must be taken into account.
Implementation: Larger neural networks often require a lot of training time, so tuning the hyperparameters can be very time-consuming. One option is to design a system that generates random hyperparameters (within reasonable ranges) and performs training, evaluating the performance achieved and storing model control points (along with their corresponding statistics). Subsequently, these control points can be inspected and analyzed to outline the appropriate hyperparameter optimization strategies.
Use cross validation or not: In most cases, if the validation set is large enough, cross-validation is not required.
Search intervals for hyperparameters: It is advisable to search for hyperparameters using a logarithmic scale; at least for the learning rate and for the strength of regularization, as they have multiplicative effects on the training dynamics.
Random search or search by grid: Randomized trials are more efficient for hyperparameter optimization than grid-based assays. In addition, this is also generally easier to implement.
Border values: A hyperparameter can sometimes be searched at an inappropriate interval. Therefore, it is important to check that the adjusted hyperparameter is not at one end of that range, since the optimum value of the hyperparameter might be is outside our search range.
Initialization of the parameters: This operation can be deceptively important. In general, we can say that bias terms can often be initialized to 0 without problems. The weight matrices are more problematic, for example, if all values are initialized to 0, the activation function may generate null gradients; if all weights were equal, the hidden units would produce the same gradients and behave the same (thus wasting parameters). A possible solution is to initialize all elements of the weight matrix following a zero-centered Gaussian distribution with a standard deviation of 0.01.
The initial learning rate is often the most important hyperparameter and therefore its correct adjustment should be ensured. Its value is usually less than 1 and greater than 10 −6 . Usually, 0.01 is used as a typical value, but this logically depends on each case.
Following this methodology, the hyperparameters used in the different trainings shown in the next section have been selected.
Results
The main objective is to evaluate the applicability of these techniques in the automatic classification of images of architectural heritage elements. We decided to use different types of networks for the tests performed to be able to compare some of the different alternatives currently used, specifically convolutional neural networks and residual networks.
Convolutional Neural Networks (AlexNet, Inception V3)
Two very common Deep Learning networks were used: AlexNet and Inception V3.
Full Training of AlexNet Network
For the first of the tests carried out, the AlexNet network was chosen, which is a well-known network and widely used in this type of task. It is recognized as the one that led to the resurgence of these techniques. This network was developed by Krizhevsky et al. [16] , is a deep CNN architecture and was the winning model in the ImageNet Large Scale Visual Recognition Challenge (ILSVRC-2012) [50] . In this challenge, the models try to classify the images into 1000 different categories (generic such as "volcano", "obelisk" or "lemur"). In contrast to earlier CNN models, AlexNet consists of five convolutional layers, of which the first, second, and fifth are followed by pooling layers, and three fully connected layers (a total of approximately 60 million parameters). The success of AlexNet is attributed to certain practical solutions, such as Rectified Linear Units (ReLU), data augmentation and dropout. The ReLU, which is simply a half-wave rectifier function such that f (x) = max (x; 0), can significantly accelerate the training phase; Data augmentation is an effective way to reduce over-fitting when training a large CNN, generating more training images by trimming small patches and horizontally flipping those patches; while the dropout technique, which reduces the co-adaptations of neurons by randomly establishing the zero value at the exit of some hidden neurons, is used in fully connected layers to reduce overfitting. In short, the success of AlexNet popularized the application of large CNNs in the tasks of visual recognition, so it has become a classic architecture within the CNNs. Figure 1 shows schematically the network architecture used in this article (which is a slight variation of the original AlexNet network, concerning mainly the size of the input images and the number of outputs). 
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Fine-Tuning of an Inception V3 Network
The Inception V3 network was used [51] to fine-tune a network, in its 2015 version of Google's Inception architecture for image recognition. Inception V3 is trained using the 2012 data from the ImageNet Large Scale Visual Recognition Challenge. The "Inception" modules were introduced in the GoogLeNet network [18] , which concatenated filters of different sizes and dimensions into a new single filter. Each "Inception" layer consists of six convolutional layers and one pooling layer. Although the increase in model size (number of layers, network depth) tends to translate into immediate accuracy gains for most tasks (assuming enough labeled information for training is provided), the associated computational cost is usually a limiting factor in various use cases. In this way, the GoogLeNet Inception architecture was designed to work well, even under strict memory and computational budget constraints. Thus, GoogleNet used only five million parameters, which was a reduction compared to its predecessor AlexNet, which used 60 million parameters. Although other networks, such as VGGNet [17] , offer a great architectural simplicity, this has a high cost: the evaluation of the network requires a great effort of computation (VGGNet used three times as many parameters as AlexNet). Therefore, this has enabled highly efficient networks such as Inception to be used in Big-Data scenarios, where large amounts of data need to be processed at a reasonable cost, or scenarios where memory or computational capacity is inherently limited, for example in vision applications on mobile devices.
Our training uses the pre-trained model and replaces the final layer of the network, performing a new training using the ten categories we have considered. In this way, the lower layers that have been pre-trained can be reused for our recognition task without the need to modify them.
The hyperparameters used in this case are those shown in Table 3 . In this test, we obtained an accuracy value of 0.8943 using 64 × 64 pixels in training and a value of 0.9155 using images of 128 × 128 pixels. As a reference, the recall for the two most likely classes is 0.9676. The time required to achieve convergence has, as expected, been lower than in the previous case. 
The hyperparameters used in this case are those shown in Table 3 . In this test, we obtained an accuracy value of 0.8943 using 64 × 64 pixels in training and a value of 0.9155 using images of 128 × 128 pixels. As a reference, the recall for the two most likely classes is 0.9676. The time required to achieve convergence has, as expected, been lower than in the previous case.
Residual Networks (ResNet and Inception-ResNet-v2)
For this case, two very common residual networks have been used: ResNet and Inception-ResNet-v2.
Full Training of a Residual Network (ResNet)
We also decided to use the original residual network developed by He et al., of Microsoft [15] , which has led to a growing adoption of this specific type of network due to its good results. The depth of the networks has a decisive influence on their learning, but adjusting this parameter optimally is a very difficult task. In theory, when the number of layers in a network increases, its performance should also improve. However, in practice, this is not true for two main reasons: the vanishing gradient (many neurons become ineffective/useless during the training of such deep networks); and the optimization of parameters is highly complex (by increasing the number of layers, it increases the number of parameters to adjust, which makes training these networks very difficult, leading to higher errors than in the case of shallower networks).
The residual networks seek to increase the network's depth without such problems affecting the results. The central idea of residual networks is based on the introduction of an identity function between layers. In conventional networks, there is a nonlinear function y = H (x) between layers (underlying mapping), as shown on the left of Figure 5 . In residual networks, we have a new nonlinear function y = F (x) + id (x) = F (x) + x, here F (x) is the residual (on the right of Figure 5 ). This modification (called shortcut connections) allows important information to be carried from the previous layer to the next layers. Doing this avoids the problem of the vanishing gradient. 
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Full Training of a Residual Network (ResNet)
The residual networks seek to increase the network's depth without such problems affecting the results. The central idea of residual networks is based on the introduction of an identity function between layers. In conventional networks, there is a nonlinear function y = H (x) between layers (underlying mapping), as shown on the left of Figure 5 . In residual networks, we have a new nonlinear function y = F (x) + id (x) = F (x) + x, here F (x) is the residual (on the right of Figure 5 ). This modification (called shortcut connections) allows important information to be carried from the previous layer to the next layers. Doing this avoids the problem of the vanishing gradient. The advantages of the residual networks are that they manage to increase the depth of the network without increasing the number of parameters to optimize, thus accelerating the training speed of very deep networks. They also reduce the effects of the disappearance gradient problem, thus improving the accuracies obtained.
The hyperparameters used in this case are those shown in Table 4 . Figure 6 shows the evolution of the accuracy achieved by the ResNet network using the validation images of our dataset (the number of iterations is represented in the abscissa the value of the accuracy in the ordinates). The advantages of the residual networks are that they manage to increase the depth of the network without increasing the number of parameters to optimize, thus accelerating the training speed of very deep networks. They also reduce the effects of the disappearance gradient problem, thus improving the accuracies obtained.
The hyperparameters used in this case are those shown in Table 4 . Figure 6 shows the evolution of the accuracy achieved by the ResNet network using the validation images of our dataset (the number of iterations is represented in the abscissa the value of the accuracy in the ordinates). The accuracy values reached were 0.896 using 32 × 32 pixel images in the training (graph shown in Figure 6 ) and an accuracy value of 0.930 using 64 × 64 pixel images. Logically, the necessary training time in the case of using images of 64 × 64 pixels was much higher (3-4 times higher than training using 32 × 32 pixel images).
Fine Tuning a Residual Network (Inception-ResNet-v2)
In this last experiment, we used an Inception-ResNet-v2 network [52] , which is a convolutional neural network (CNN) that represents the state of the art in terms of accuracy in the ILSVRC image classification challenge. Inception-ResNet-v2 is a variation of the Inception V3 model that borrows some ideas from the articles on the Microsoft ResNets networks [15] , used in the previous section. Residual connections include shortcuts in models that, as mentioned, allow researchers to train even deeper networks that achieve a better performance. This has also allowed a significant simplification of the Inception blocks.
The hyperparameters used in this case were (Table 5 ): The accuracy values reached were 0.896 using 32 × 32 pixel images in the training (graph shown in Figure 6 ) and an accuracy value of 0.930 using 64 × 64 pixel images. Logically, the necessary training time in the case of using images of 64 × 64 pixels was much higher (3-4 times higher than training using 32 × 32 pixel images).
The hyperparameters used in this case were (Table 5) : In the latter case, an accuracy value of 0.9103 was obtained using 64 × 64 pixel images in training and a value of 0.9319 using 128 × 128 pixel images. In this case, the time required for adjustment using 128 × 128 pixel images is approximately twice as long as using 64 × 64 pixel images. As a reference, the recall reached for the two most likely classes is 0.9823. Comparing with the full training of the residual network, the time necessary to reach convergence was similar, although high values of accuracy were achieved in a much shorter time, as discussed in the following section. Table 6 shows a summary of the results obtained in the different tests performed. Considering the reference size of 64 × 64 pixels, the best result is achieved with a full training of the ResNet network with an accuracy value of 0.93. Some experiments with other sizes were also repeated for comparison (32 × 32 and 128 × 128 pixels according to each case). Thus, for the case of images of 128 × 128 pixels, an accuracy result of 0.9319 is obtained with the fine tuning of the Inception-ResNet-v2 network. This result is slightly higher than mentioned before, but achieved with larger images (using 64 × 64 pixel images the accuracy value stays at 0.9103). It is also observed that the number of epochs necessary for the fine-tuning case is much lower than for the full training. The following graphs show graphically the evolution of the accuracy results achieved (in ordinates) over time.
Comparison of the Results
In the first case (Figure 8 ), the abscissa represents the time spent (though they are dimensionless units, they correspond approximately to minutes in the case of using high performance equipment with several GPUs working in parallel and hours in the case of using a single conventional CPU, e.g., Intel Core i5).
It can be seen that fine tuning always achieves convergence in a shorter time than full training, as expected. Regarding the accuracy achieved, it is greater in the case of using residual networks compared to the others, although every day new networks appear that achieve small but significant improvements in the accuracies achieved.
As mentioned, the best results have been obtained with the full training of a ResNet type network, so the results obtained with this residual network are reviewed in greater depth. Table 7 shows the confusion matrix of the network once convergence is reached. The values of the diagonal of the matrix represent the percentage of correct predictions for each class. The rows correspond to the actual values and the columns to the predicted values. That is, the value of row i and column j corresponds to the percentage of images of class i incorrectly identified as class j. In the second case (Figure 9 ), the abscissa represent the epochs of the corresponding experiment. It can be seen that fine tuning always achieves convergence in a shorter time than full training, as expected. Regarding the accuracy achieved, it is greater in the case of using residual networks compared to the others, although every day new networks appear that achieve small but significant improvements in the accuracies achieved.
As mentioned, the best results have been obtained with the full training of a ResNet type network, so the results obtained with this residual network are reviewed in greater depth. Table 7 shows the confusion matrix of the network once convergence is reached. The values of the diagonal of the matrix represent the percentage of correct predictions for each class. The rows correspond to the actual values and the columns to the predicted values. That is, the value of row i and column j corresponds to the percentage of images of class i incorrectly identified as class j. In the second case (Figure 9 ), the abscissa represent the epochs of the corresponding experiment. In the second case (Figure 9 ), the abscissa represent the epochs of the corresponding experiment. It can be seen that fine tuning always achieves convergence in a shorter time than full training, as expected. Regarding the accuracy achieved, it is greater in the case of using residual networks compared to the others, although every day new networks appear that achieve small but significant improvements in the accuracies achieved.
As mentioned, the best results have been obtained with the full training of a ResNet type network, so the results obtained with this residual network are reviewed in greater depth. Table 7 shows the confusion matrix of the network once convergence is reached. The values of the diagonal of the matrix represent the percentage of correct predictions for each class. The rows correspond to the actual values and the columns to the predicted values. That is, the value of row i and column j corresponds to the percentage of images of class i incorrectly identified as class j. Table 8 shows the recall, precision and specificity values obtained for each of the classes. Since the different classes are not of the same size, the F1 score and balanced accuracy values have also been calculated, which try to compensate the results obtained when unbalanced classes are used, so we will focus on them. Table 8 shows the recall, precision and specificity values obtained for each of the classes. Since the different classes are not of the same size, the F1 score and balanced accuracy values have also been calculated, which try to compensate the results obtained when unbalanced classes are used, so we will focus on them. The results are quite satisfactory in almost all cases: five categories achieve values of balanced accuracy higher than 0.965 (corresponding F1 score values higher than 0.923), all of them with sensitivities higher than 0.94. Especially good is the result obtained with the category of Stained glass (balanced accuracy: 0.992 and F1 score: 0.99) and with hardly any errors with other categories (0.986 sensitivity), probably because they have clearly different characteristics from the other categories. The worst result in balanced accuracy (and F1 score) is that of the Flying buttress class with 0.864 (F1 score: 0.805) and with the worst sensitivity of 0.732, probably because it is the category with the least number of training images. Another improvable result is that of the Apse class with 0.92 balanced accuracy (F1 score: 0.906), also with few training images. In any case, as mentioned, a gradual increase in the number of categories to be classified and the number of training images is planned. This will result in a greater refinement of the classification and better overall results.
Using the independent test dataset generated, the following results have been obtained. The confusion matrix is displayed first ( Table 9 ). The corresponding values of Recall (Sensitivity), Precision, Specificity, Balanced accuracy and F1 score have also been calculated (Table 10 ). The values obtained in this case were also quite good, although slightly lower (balanced accuracy, macro average: 0.9459; F1 score, macro average: 0.9001) than those obtained with the validation dataset (balanced accuracy, macro average: 0.9501; F1 score, macro average: 0.9182). Either way, all categories achieve values of balanced accuracy higher than 0.9, six of them higher than 0.95. The two best have been Gargoyle and Stained glass, with high sensitivity as well. In this case, the Apse category is the worst performing category, although it is also true that it is the category with the lowest number of test images. The rest of the categories, however, have achieved quite acceptable results and in general, we can say the network has behaved in a similar way using the validation dataset and the test dataset.
The results obtained have been calculated using the highest value of the predictions (Recall @1: 0.9110), but if we consider the two highest values (Recall @2: 0.9644) or the three highest values (Recall @3: 0.9815) important improvements are logically achieved. It is interesting to consider several percentages of prediction in each category because they can provide valuable information in the event of ambiguities or if someone wants to look for several elements in an image. As an example, some images are shown in Table 11 that illustrate this statement. The corresponding values of Recall (Sensitivity), Precision, Specificity, Balanced accuracy and F1 score have also been calculated (Table 10 ). The values obtained in this case were also quite good, although slightly lower (balanced accuracy, macro average: 0.9459; F1 score, macro average: 0.9001) than those obtained with the validation dataset (balanced accuracy, macro average: 0.9501; F1 score, macro average: 0.9182). Either way, all categories achieve values of balanced accuracy higher than 0.9, six of them higher than 0.95. The two best have been Gargoyle and Stained glass, with high sensitivity as well. In this case, the Apse category is the worst performing category, although it is also true that it is the category with the lowest number of test images. The rest of the categories, however, have achieved quite acceptable results and in general, we can say the network has behaved in a similar way using the validation dataset and the test dataset.
The results obtained have been calculated using the highest value of the predictions (Recall @1: 0.9110), but if we consider the two highest values (Recall @2: 0.9644) or the three highest values (Recall @3: 0.9815) important improvements are logically achieved. It is interesting to consider several percentages of prediction in each category because they can provide valuable information in the event of ambiguities or if someone wants to look for several elements in an image. As an example, some images are shown in Table 11 that illustrate this statement. Table 11 . Examples of best predictions using the ResNet network.
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The values obtained in this case were also quite good, although slightly lower (balanced accuracy, macro average: 0.9459; F1 score, macro average: 0.9001) than those obtained with the validation dataset (balanced accuracy, macro average: 0.9501; F1 score, macro average: 0.9182). Either way, all categories achieve values of balanced accuracy higher than 0.9, six of them higher than 0.95. The two best have been Gargoyle and Stained glass, with high sensitivity as well. In this case, the Apse category is the worst performing category, although it is also true that it is the category with the lowest number of test images. The rest of the categories, however, have achieved quite acceptable results and in general, we can say the network has behaved in a similar way using the validation dataset and the test dataset.
The results obtained have been calculated using the highest value of the predictions (Recall @1: 0.9110), but if we consider the two highest values (Recall @2: 0.9644) or the three highest values (Recall @3: 0.9815) important improvements are logically achieved. It is interesting to consider several percentages of prediction in each category because they can provide valuable information in the event of ambiguities or if someone wants to look for several elements in an image. As an example, some images are shown in Table 11 that illustrate this statement. The values obtained in this case were also quite good, although slightly lower (balanced accuracy, macro average: 0.9459; F1 score, macro average: 0.9001) than those obtained with the validation dataset (balanced accuracy, macro average: 0.9501; F1 score, macro average: 0.9182). Either way, all categories achieve values of balanced accuracy higher than 0.9, six of them higher than 0.95. The two best have been Gargoyle and Stained glass, with high sensitivity as well. In this case, the Apse category is the worst performing category, although it is also true that it is the category with the lowest number of test images. The rest of the categories, however, have achieved quite acceptable results and in general, we can say the network has behaved in a similar way using the validation dataset and the test dataset.
The results obtained have been calculated using the highest value of the predictions (Recall @1: 0.9110), but if we consider the two highest values (Recall @2: 0.9644) or the three highest values (Recall @3: 0.9815) important improvements are logically achieved. It is interesting to consider several percentages of prediction in each category because they can provide valuable information in the event of ambiguities or if someone wants to look for several elements in an image. As an example, some images are shown in Table 11 that illustrate this statement. As can be deduced from the above table, the use of several percentages per category allows the development of applications capable of performing more efficient and complete searches. By adjusting the minimum acceptable percentages to consider a prediction as valid, classifications and searches more oriented to each specific use case can be obtained.
Finally, it should be noted that the neural network used has detected the case of an image that was incorrectly labeled within the test dataset. This can occur when large amounts of images are manually labeled and is one of the reasons why developing such applications can be useful in digital documentation tasks.
Failures Detected Using CNNs in Image Classification
To improve the results of the network, it is important to understand what the failures are and to detect their possible origins to properly address the problems to be solved. The two most common sources of error that have been found are: the presence of other elements in the images and that the element of the image to be classified is similar to another element. Regarding the first problem, it is clear that this type of error is difficult to correct, since it is often unavoidable for several elements to be classified in the image. The best solution may be to use the two or three most likely classifications offered by the network and not only the most likely, as discussed in the preceding paragraph. This will enrich the classification achieved, although at the cost of greater complexity in managing the results. As for the cases in which the network confuses an element with a similar one, the best solution is usually to add more training images that make it easier to distinguish some elements from others more efficiently. Table 12 shows several significant examples of the most common errors, already mentioned, that have been found in the image classification results using convolutional neural networks. There is sometimes an ambiguity in the main element that the image wants to represent, so it is not easy to solve this issue (beyond offering several probable elements, as mentioned above). Another additional issue is that, in some images, elements appear that have not been specifically trained (such as the case of a capital that is confused with a gargoyle or a rose window that can be confused with the interior of a dome); these types of errors could probably be solved by introducing new categories to consider these new elements. Finally, sometimes, the element to be classified is hardly observable in the images because of its small size or a lack of contrast with the background. 
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Finally, a comparison has been made of the methods proposed in the article with other conventional ones. This study is presented simply by appreciating the advance of convolutional neural networks (that have caused many of these conventional methods to be abandoned in favor of deep learning). For this comparison, the results and the dataset offered in [32] have been used. This dataset is oriented to the classification of architectural styles. In the mentioned article, the authors used traditionally accepted methods, such as the support vector machines (and other more advanced variations), for the automatic classification of images in architectural styles. Table 13 summarizes the best results obtained in the mentioned article and compares them with the fine tuning of two neural networks discussed above: Inception V3 and Inception-ResNet-v2. For these tests, the dataset provided by the authors was used, consisting of 3953 images for training and 826 for validation. As can be seen, the methods based on Deep Learning significantly outperform the results achieved by all the other methods presented, also taking into account the fact that the original dataset images have been used, but cropped and re-scaled to a much smaller size. In our tests, we used a size of 64 × 64 pixels and the original dataset is composed of images with a typical size of 800 × 600 pixels.
As further information, we should mention that Recall @2: 0.7344 and Recall @3: 0.7533 values were obtained using Inception V3 (Fine Tuning) and Recall @2: 0.6967 and Recall @3: 0.7889 using Inception-ResNet-v2 (Fine Tuning).
It is considered, in any case, that the number of images used for training is very small for the classification of so many categories (25 architectural styles). With a larger number of images, or using some data augmentation technique, neural networks would achieve even more significant accuracy improvements. It can also be concluded that the quality of our dataset is high and the choice of parameters has been successful, since the results obtained in our classification trials have obtained higher accuracies.
It is commonly accepted that SVMs are well suited techniques for relatively small datasets with few outliers. Deep learning algorithms typically need relatively large datasets to work well, and they need the right infrastructure to train them in a reasonable amount of time. In addition, deep learning algorithms require more experience: tuning a neural network using deep learning algorithms is not as easy as using standard classifiers such as SVMs. On the other hand, deep learning achieves better results when it comes to complex problems, such as the case here considered of image classification or others such as natural language processing and speech recognition.
By way of conclusion, it can be said that the decision on which classifier to choose really depends on the dataset available and the overall complexity of the problem, which is where experience in these subjects is important. However, in view of the results obtained, it can be concluded that even using not very large datasets, better values of accuracy are obtained using convolutional neural networks than with the other methods considered. It can also be said that the difficulty of its use has been greatly reduced thanks to the appearance of different tools that facilitate its application (such as fine tuning). These are the main reasons why the deep neural networks are surpassing other approaches.
Discussion
In this article, we have evaluated the usefulness of convolutional neural networks in the classification of images of historical buildings (architectural heritage) for their application in digital heritage documentation tasks.
We have shown the results obtained with several significant convolutional neural networks, both with full training and fine tuning of a pre-trained network (with a generic dataset). For this, a dataset of more than 10,000 images of interest in architectural cultural heritage has been created and published, in which 10 categories of elements have been defined. The dataset is open to the community for its expansion both in number of images and in the inclusion of new categories.
The automatic classification of images can help in the digital documentation of the cultural heritage and allows the incorporation of this information in databases that allow searches based on semantic terms. The correct interpretation of the images brings a great added value to this type of applications, since the usual problem in this type of applications is not to have a lot of data, but to extract the maximum amount of information from them and make it easily accessible.
The accuracy results obtained have been very satisfactory (mean value over 0.93) and we consider that the use of deep learning will be a great advance in the tasks of classifying heritage images. Although the best results have been achieved with the full training of a residual network, the use of fine-tuning is more advantageous in terms of training time. The final decision on the best approximation will depend mainly on the specific needs of each use case. In general, if computational resources are limited, or if the available dataset is not very large, it may be advisable to use fine-tuning techniques that are usually simpler to implement. If time and resources are available and an integral solution is required, it is advisable to opt for the implementation of algorithms and full training. In this way, it is possible to better understand the internal workings of these techniques and it would also be possible to develop more efficient algorithms, or ones with specific characteristics that are considered useful. In addition, having full control of the process, it is easier to integrate it into other developments and is not dependent on third parties for maintenance.
As mentioned, the accuracy achieved has been good but, logically, it could be improved by taking into account certain factors. The simplest option would be to increase training times, but it is clear that once convergence is achieved, continuing with network training fails to increase accuracy and may decrease it due to overfitting. Some possible solutions to improve accuracy would be to collect more correctly labeled training images, to use a multiclass classifier, to use an independent testing set or to improve the architecture used (either optimizing the corresponding hyperparameters of the network used or directly implementing a new network). In any case, it must be considered that, to achieve a small increase in accuracy, a large increase in computational cost may be required [53] .
Therefore, in the search for an optimal solution for the classification of architectural images, it is necessary to find a balance between the use of better learning models and the use of more training data, always contemplating the computational cost of each modification introduced.
Regarding the datasets used, it is necessary to remember that using datasets of reduced size will suppose a bottleneck in the optimization of the implemented system. Progressively building larger, well-labeled datasets is at least as crucial as the development of new algorithms. This has been achieved, for example, in the various international challenges of scene recognition, where enormous progress has been made thanks to the continuous development of a multitude of datasets.
The results shown are part of a work in progress and this is just the beginning of the planned tasks to be performed. In the near future, several additional steps are being considered: To make different classifications based on other types of categories, e.g., historical periods, etc.; to evaluate the usefulness of these networks for the automatic detection of interventions or pathologies of the building; and to expand the number of categories considered in the dataset, including those considered most appropriate for architectural cultural heritage professionals (e.g., capitals, arches, frescoes, etc.).
The calculations, for now, have been made using only conventional CPUs, demonstrating that it is not necessary to use very powerful equipment. However, due to the GPU price decrease and its increasing calculation power, it is considered that it is always advisable to use them since they significantly reduce the required training time. In addition, the adaptation of the algorithms is very simple, since the libraries usually employed are oriented to it.
Conclusions
The main goal of this article is the application of convolutional neural networks for the classification of images of architectural heritage. In order to verify the real usefulness of some of these networks to help in the tasks of digital documentation we have compiled a new dataset: Architectural Heritage Elements Data Set to perform all of these tests. This dataset (more than 10,000 images classified in 10 types of architectural elements of heritage buildings) is open to the community for use and improvement as well as to be able to replicate the tests shown. In addition, 1404 images have been compiled which form an independent test dataset.
The methodology used for the application of different deep learning techniques in the classification of architectural heritage images has been presented and the results obtained have been shown. These have achieved remarkable accuracy with both the validation dataset (balanced accuracy of 0.9501 and a F1 score of 0.9182), and using the test dataset (a balanced accuracy of 0.9459 and an F1 score of 0.9001) and demonstrate the usefulness of the techniques analyzed for digital heritage documentation tasks. A practical comparison between full training and fine tuning has also been offered using several of the most representative architectures of convolutional neural networks.
Lastly, to improve the results of the network, it is important to understand what the failures are and to detect their possible origins to properly address the problems to be solved. Therefore, a study of the errors found has been presented as a basis for future improvements.
In summary, the final objective of the research presented is to obtain a useful tool for researchers and historians to facilitate the automatic classification of images of architectural heritage and assist in the digital documentation process.
Supplementary Materials: The Architectural Heritage Elements Dataset that has been used in this paper is available online at https://datahub.io/dataset/architectural-heritage-elements-image-dataset.
